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The objective of this paper is to model variations in test-day milk yields of ﬁrst
lactations of Holstein cows by RR using B-spline functions and Bayesian inference in
order to ﬁt adequate and parsimonious models for the estimation of genetic para-
meters. They used 152,145 test day milk yield records from 7317 ﬁrst lactations of
Holstein cows. The model established in this study was additive, permanent environ-
mental and residual random effects. In addition, contemporary group and linear and
quadratic effects of the age of cow at calving were included as ﬁxed effects. Authors
modeled the average lactation curve of the population with a fourth-order orthogonal
Legendre polynomial. They concluded that a cubic B-spline with seven random
regression coefﬁcients for both the additive genetic and permanent environment effects
was to be the best according to residual mean square and residual variance estimates.
Moreover they urged a lower order model (quadratic B-spline with seven random
regression coefﬁcients for both random effects) could be adopted because it yielded
practically the same genetic parameter estimates with parsimony.
& 2012 Elsevier B.V. Open access under the Elsevier OA license.1. Introduction
Various studies have used random regression models
(RR) based on Legendre polynomials to estimate genetic
parameters for test-day milk yields (Arau´jo et al., 2006;
Bignardi et al., 2009a; Cobuci et al., 2005; El Faro and
Albuquerque, 2003; El Faro et al., 2008). One majorculdade de Cieˆncias
Via de acesso Paulo
re´dio 2, Jaboticabal,
nardi).
sevier OA license.disadvantage of these models is the need to use high-
degree polynomials and the lack of uniformity in ﬁtting
the data along the curve. Alternatives to reduce the
degree of polynomials are currently being studied. One
such alternative is the use of spline functions, also called
segmented polynomials (Bohmanova et al., 2008; Meyer,
2005a; Silvestre et al., 2006).
Splines consisting of individual segments of low-
degree polynomials joined at speciﬁc points, called knots
(De Boor, 1978). Spline functions almost completely meet
the requirements of an optimal function, i.e., they possess
a simple biological interpretation, are easily estimated
(linear in the parameters), and reduce multicollinearity
Table 1
Summary of data structure.
Information Statistics
Number of records 152,145
Number of animals with records 7317
Number of sires 612
Number of dams 1858
Number of contemporary groups 2539
Overall mean (kg) 27.45
SD (kg) 7.61
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of the polynomial degrees and the sites where the knots
will be inserted. One particular type of spline function,
called B-spline, is preferred over other types of splines
because of its excellent numerical properties (Eilers and
Marx, 2010; Ruppert et al., 2003). This spline function is
adequate to model random effects in mixed model ana-
lyses and is also efﬁcient in the estimation of covariance
functions (Rice and Wu, 2001). According to Misztal
(2006), RR models using spline functions tend to be highly
affected by the distribution of the data, the degree of the
functions, and especially by the choice of the number and
position of knots. In the case of models using penalized
splines, Ruppert et al. (2003) recommend knots to be
placed at equidistant intervals. According to Meyer
(2005b), the use of a B-spline function, which is a kind
of penalized spline, attenuates the inﬂuence of knot
position on the estimates. Meyer (2005a), while modeling
the growth curve of beef cattle by RR using B-spline
functions, observed no differences in genetic parameter
estimates between models with equidistant and non-
equidistant knots.
The objective of the present study was to model
variations in test-day milk yields of ﬁrst lactations of
Holstein cows by RR using B-spline functions and Baye-
sian inference in order to ﬁt adequate and parsimonious
models which could be used for the genetic evaluation for
test-day milk yield of Dairy Holsteins cattle in Brazil.
2. Material and methods
A total of 152,145 test-day milk yield records from
7317 ﬁrst lactations of Holstein cows recorded from 1995
to 2003 were analyzed. The cows were descendants of
612 sires, were distributed over 93 herds located in the
southeastern region of Brazil, with age at ﬁrst calving
ranging from 18 to 48 months. The data were obtained
from the Herd Analyses and Milk Quality Program carried
out by Clı´nica do Leite (Milk Quality Laboratory of Luiz de
Queiroz Agriculture School, ESALQ-USP). Test-day milk
yields were recorded from 305 days of lactation, with the
ﬁrst record being obtained up to 45 days after calving.
Test-day milk yields were divided into weekly classes of
days in milk, ranging from one to 44 classes. Lactations
with at least ﬁve individual records were included. Con-
temporary groups were formed by herd-test-day. Only
data of animals with at least six animal-observations were
kept. A total of 2539 contemporary groups were formed.
The relationship matrix had a total of 17,688 animals. The
structure of the data set after editing is summarized in
Table 1.
The analyses were conducted using a single-trait RRM.
The model included the direct additive, permanent envir-
onmental and residual random effects. In addition, con-
temporary group and linear and quadratic effects of the
age of cow at calving were included as ﬁxed effects. The
average lactation curve of the population was modeled
with a fourth-order orthogonal Legendre polynomial. The
additive genetic and permanent environmental covar-
iance functions were estimated by random regression on
B-spline functions of days in milk. Residual varianceswere modeled by step functions considering with six
classes of variance (1, 2, 3, 4–6, 7–12 and 13–44 weeks)
throughout.
The B-spline function can be deﬁned recursively
(Meyer, 2005a), with basis functions of degree p¼0
assuming values of unity for all points in a given interval;
otherwise, the value is zero. For the k-th interval given by
knots Tk and Tkþ1 with TkrTkþ1.
Bk,0ðtÞ ¼
1 if TkrtoTkþ1
otherwise 0

High degree basis functions, for p40, are then deter-
mined from the values of the lower degree basis functions
and the width of the adjoining intervals between knots
(Meyer, 2005a). According to De Boor (2001), the function
can be described as:
Bk,pðtÞ ¼
tTk
TkþpTk
Bk,p1ðtÞþ
Tkþpþ1t
Tkþpþ1Tkþ1
Bkþ1,p1ðtÞ,
Linear (L), quadratic (Q) and cubic (C) polynomials
were considered for each individual segment, with basis
functions of degree p¼1, 2 and 3, respectively. According
to Meyer (2005a), in random regression models using
B-spline functions as basis function, a type of penalized
spline, the choice of knot position is less crucial. M knots
were chosen to divide the classes of days in milk into
m1 equally spaced intervals and the external knots are
located in classes 1 and 44, i.e. at the extreme points, for
all models. However, on the original scale of age at
recording the knots were not located at equally spaced
intervals since the division of the classes was not equally
distant. Up to seven knots (six segments) were used for
direct additive genetic and permanent environmental
effects of the animal, with the same number of knots
ﬁtted to both effects. The number of random regression
coefﬁcients to model the trajectory of the linear, quadratic
and cubic basis functions is given by m, mþ1 and mþ2,
respectively.
Eight models were tested using different combinations
of B-spline functions (BS) of weeks of lactation for
additive genetic and permanent environmental effects.
Therefore, models were identiﬁed as follows: ‘‘BSX k’’,
where X corresponds to L, Q or C, i.e., the degree of the
polynomial segment, and k are the speciﬁc numbers of
random regression coefﬁcients for direct additive genetic
and permanent environmental effects.
The matrix presentation of the single-trait random
regression model is given by y¼XbþZaþWcþe, where y
is the vector of N observations measured in Nd animals;
Table 2
Models, number of parameters (np) in the model, position of knots (pk),
number of segments (ns), deviance information criterion (DIC).
Modelsa np pk ns DIC
(1) BSL5 36 1-12-23-34-44 4 838,00
(2) BSL6 48 1-10-19-26-35-44 5 833,64
(3) BSQ6 48 1-12-23-34-44 4 832,53
(4) BSQ7 62 1-10-19-26-35-44 5 830,62
(5) BSQ8 78 1-9-16-23-30-37-44 6 858,33
(6) BSC6 48 1-16-30-44 3 832,64
(7) BSC7 62 1-12-23-34-44 4 830,28
(8) BSC8 78 1-10-19-26-35-44 5 858,05
a BSX k, where X corresponds to L (linear), Q (quadratic) or C (cubic),
i.e., the degree of the polynomial segment, and k are the speciﬁc
numbers of random regression coefﬁcients for direct additive genetic
and permanent environmental effects.
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sion coefﬁcients; a is the vector of additive genetic
random regression coefﬁcients; c is the vector of perma-
nent environmental random regression coefﬁcients; e is
the random vector of error effects, and X, Z and W are the
incidence matrices of ﬁxed effects and additive genetic
and permanent environmental random effects.
The following assumptions are made: y9b, a, c, s2el,
:::,s2ef NMVðXbþZaþWc, RÞ, with R¼ diag s2el
 
, the
likelihood function, in that l¼1, 2,....., f, where f is the
number of residual classes; bpconstant; a9KaNMV(0,G),
with G¼AKa, where A is the numerator relationship
matrix between animals and Ka is the matrix containing
(co)variances between additive genetic random regres-
sion coefﬁcients; c9KcNMV(0,C), with C¼ IKc, where I is
an identity matrix, Kc is the matrix containing (co)var-
iances between permanent environmental random reg-
ression coefﬁcients, and NMV refers to a multivariate
normal distribution; Ka9va, S
2
a W1 va, va S2a
 
; Kc9vc ,
S2c W1 vc , vc S2c
 
, where va, S
2
a and vc , S
2
c are
interpreted as degrees of belief and priori values for
(co)variances of the additive genetic and permanent
environmental regression coefﬁcients, respectively, and
W1 is an inverted Wishart distribution. s2el9vel, s
2
el 
X2 vel, vel S
2
el
 
, where vel, S
2
el are interpreted as
degrees of belief and priori values for residual variance,
and X2 is a scaled inverse chi-square distribution.
The covariance matrices of additive genetic, perma-
nent environment random regression coefﬁcients and
residual variances of all competing RRM were estimated
using the GIBBS3F90 (Misztal et al., 2002). This program
generates Markov chains for the parameters of a random
regression model by Gibbs sampling. For each analysis the
length of the chain was set to 250,000. The burn-in period
was 25,000 iterations, higher than the minimum burn-in
required according to Raftery and Lewis (1992) method.
Convergence was tested using the criteria proposed by
Heidelberger and Welch (1983) and Geweke (1992) cri-
teria. The software R, with some routines of the package
Bayesian Output Analysis (BOA), was used to calculated
Geweke’s and Heidelberger and Welch’s statistics (Smith,
1997). Using a thin the output by 25, inferences were
performed on the remaining 9000 samples. The highest
posterior density interval was determined for each para-
meter of the model with 95% conﬁdence.
The deviance information criterion (DIC) was used as
criteria to choose the most adequate model. The DIC
introduced by Spiegelhalter et al. (2002) combines both
goodness of ﬁt and degree of parameterization of the
model and can be calculated easily from the samples
generated by a Markov Chain Monte Carlo simulation. The
DIC was deﬁned by Spiegelhalter et al. (2002) as: DIC ¼
DðyÞþpD ¼ 2DðyÞDðyÞ, where DðyÞ was the posterior
expectation of the Bayesian deviance fDðyÞ ¼ Ey9y½DðyÞ
and DðyÞ ¼2log pðy9yÞg represented a measure of the ﬁt
of the model, and pD was the effective number of para-
meters representing penalty for increasing model com-
plexity deﬁned as pD ¼DðyÞDðyÞ, where y is the vector of
parameters of the model, DðyÞ was the Bayesian devianceevaluated at the posterior mean of the parameters. Models
having smaller DIC are favored because it indicates a better
goodness-of-ﬁt associated with a lower degree of complexity.
3. Results and discussion
The deviance information criterion (DIC) obtained for
all models are summarized in Table 2. The models con-
taining a smaller number of parameters presented the
worst ﬁt according to criteria. Problems of convergence of
the iterative process were observed for models BSQ8 and
BSC8. An increase in the number of knots in the models
resulted in lower DIC values, irrespective of the order of
the B-spline (linear, quadratic or cubic). Comparing mod-
els containing the same number of parameters, those of
cubic order and containing a smaller number of segments
(BSC7) were always superior according to DIC.
The phenotypic variances estimated with the two
models (BSQ7 and BSC7) were high in the ﬁrst two weeks
of lactation, declined until mid-lactation, and again
increased after week 20 until the end of lactation
(Fig. 1). These estimates were very close for both models.
The genetic variances estimated with the models were
also higher during the ﬁrst two weeks of lactation,
declined until mid-lactation, and again increased after
week 25. A similar ﬁnding has been reported by Kettunen
et al. (2000) and Rekaya et al. (1999) and in Brazil by
Cobuci et al. (2005) for Holstein cattle using RR models
and different functions. Lower genetic variability was
observed during peak lactation (weeks 18 and 19). Addi-
tive genetic variances were always lower than the other
variances throughout lactation. The same trends have
been reported for Holstein cattle by Jamrozik and
Schaeffer (2002) and Olori et al. (1999).
The permanent environmental variances estimated
with the two models were practically constant until week
37 of lactation, increasing slightly thereafter until the end
of lactation. In contrast, Cobuci et al. (2005), using the
Wilmink function, and Costa et al. (2008), using Legendre
polynomials, reported higher estimates at the end of
lactation for Brazilian Holstein cattle. When compared
to the results reported by Bignardi et al. (2009b), using
the same data set but applying the restricted maximum
likelihood method and RR on Legendre polynomials for
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Fig. 1. Posterior means () of phenotypic (s2p), genetic (s2a) and permanent environmental variances (s2pe) and approximate 95% highest posterior
density regions (bars) of the models BSQ7 (left) and BSC7 (right).
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function associated with a seventh-order variance
function for permanent environmental effects, it can be
concluded that models BSQ7 and BSC7 provided lower
permanent environmental variances practically through-
out the period of lactation. The residual variance esti-
mates obtained with model BSC7 (35.04, 19.15, 14.61,
11.90, 9.65 and 11.27 kg2) were lower than those
obtained with model BSQ7 (40.42, 19.07, 14.57, 12.27,
9.59 and 11.20 kg2), especially at the beginning of lacta-
tion. Similar results have been reported for Holstein cattle
by Bignardi et al. (2009a) and Olori et al. (1999) that were
using RR on Legendre polynomials and by Bohmanova
et al. (2008) using a linear spline function. According to
Lo´pez-Romero et al. (2003), the heterogeneity of residual
variances is related to the stage of lactation and a set of
factors not speciﬁed in the model, such as characteristics
of the dry season, stage of pregnancy and body condition
at calving, contributing to increase residual variance at
the extremes of the lactation curve.
The heritability estimates obtained with the two models
showed the same trend throughout most of lactation (Fig. 2).
However, some differences in the magnitudes of the esti-
mates were observed in almost the entire period of lactation.
After a decline at the beginning of lactation, heritabilitiesincreased and the highest estimates were observed around
the 31th to 37th weekly test-day milk yields. Greater
oscillations in the heritability estimates were observed by
Bignardi et al. (2009a) when ﬁtting Legendre polynomial
regressions and Bignardi et al. (2011) ﬁtting parametric
functions and B-spline linear using restricted maximum
likelihood estimation to the same data set. This agrees with
Meyer (2005a) who studied the growth of beef cattle and
found that B-spline functions are less susceptible to the
problems of erratic estimates at the extremes of the curve
frequently encountered with Legendre polynomials. This
lower susceptibility is due to the lower degree of polynomials
in the individual segments and to the better control of the
global inﬂuence of individual observations. For that reason, it
can be inferred that the use of B-splines analysis test-day
milk yield is appropriate, because these functions are indi-
cated for data with large variations with time, what is
observed in this case. The posterior means of heritability
ranged from 0.21 (week 21) to 0.31 (week 34) for model
BSQ7 and from 0.19 (week 22) to 0.33 (week 34) for model
BSC7. Similar estimates have been reported for Holstein
cattle by White et al. (1999) using a cubic spline function
and by Arau´jo et al. (2006), Bignardi et al. (2009a,b, 2011),
Cobuci et al. (2005) and Costa et al. (2008) using RR models
with different functions ﬁtted to test-day milk yield records
Fig. 2. Posterior means of heritabilities () and approximate 95% highest posterior density regions (bars) of the models BSQ7 (left) and BSC7 (right).
A.B. Bignardi et al. / Livestock Science 150 (2012) 401–406 405in Brazil. However, Silvestre et al. (2005) obtained lower
heritability estimates with RR models using a cubic spline
function.
The model BSQ7 provided a smaller credibility interval
than model BSC7 for the estimates of all variance compo-
nents and for the heritability estimates at the beginning
and end of lactation, suggesting a higher conﬁdence of the
estimates obtained with model BSQ7 during these periods
(Figs. 1 and 2). This ﬁnding indicates that model BSQ7 is
more efﬁcient in ﬁtting milk yields at the extremes of the
lactation curve, periods that are known to be more
difﬁcult to model.
Higher phenotypic correlations, around 0.70, were
observed between adjacent test-day milk yields, especially
during mid-lactation. Estimated genetic correlation coefﬁ-
cients were found higher than phenotypic correlation coef-
ﬁcients. Adjacent milk yields obtained during mid-lactation
presented genetic correlation estimates close to one. These
results agree with those reported for Holstein cattle by Olori
et al. (1999) and Rekaya et al. (1999) and in Brazil by
Bignardi et al. (2009a) and Cobuci et al. (2005). In addition,
negative genetic correlations between the initial and ﬁnal
weeks of lactation were obtained with both models, but
their frequency was lower for model BSQ7 when compared
to model BSC7 and other models to the same data set but
using restricted maximum likelihood and others functions
(Bignardi et al., 2011). These negative correlations might be
attributed to the difﬁculty in modeling milk yields at the
beginning and at the end of lactation. At the beginning of
lactation, the cow still suffers from the stress of calving and
also presents an energy deﬁcit. Negative genetic correlations
were also estimated for Holstein cattle by RR using different
functions by Brotherstone et al. (2000), Jamrozik and
Schaeffer (1997), Kettunen et al. (2000) and Olori et al.
(1999) and in Brazil by Bignardi et al. (2009a,b, 2011),
Cobuci et al. (2005) and Costa et al. (2008). With respect to
permanent environmental correlations between milk yields
lower estimates were observed with increasing interval
between test days. In general, the estimates of permanent
environmental correlations were of lower magnitude than
the genetic correlations. The phenotypic, genetic and per-
manent environmental correlations obtained with models
BSQ7 and BSC7 were similar.
4. Conclusion
In tropical regions like Brazil, B-spline random regres-
sion models using Bayesian inference are indicated forDairy Holstein breed milk yield genetic evaluation.
Although a cubic B-spline with seven random regression
coefﬁcients for both the additive genetic and permanent
environment effects was found to be the best according to
DIC criteria, a lower order model (quadratic B-spline with
seven random regression coefﬁcients for both random
effects) could be adopted because it yielded practically
the same genetic parameter estimates with parsimony. In
addition, a posteriori estimates for the quadratic B-spline
model had smaller credibility intervals at the extremes of
lactation curve, suggesting higher reliability of the esti-
mates provided by the model.
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